Abstract-Electronic cleansing (EC) is a method that segments fecal material tagged by an X-ray-opaque oral contrast agent in computed tomographic colonography (CTC) images, and effectively removes the material for digitally cleansing the colon. In this study, we developed a novel EC method, called mosaic decomposition (MD), for reduction of the artifacts due to incomplete cleansing of inhomogeneously tagged fecal material in CTC images, especially in noncathartic CTC images. In our approach, the entire colonic region, including the residual fecal regions, was first decomposed into a set of local homogeneous regions, called tiles, after application of a 3-D watershed transform to the CTC images. Each tile was then subjected to a single-class support vector machine (SVM) classifier for soft-tissue discrimination. The feature set of the soft-tissue SVM classifier was selected by a genetic algorithm (GA). A scalar index, called a soft-tissue likelihood, is formulated for differentiation of the soft-tissue tiles from those of other materials. Then, EC based on MD, called MD-cleansing, is performed by first initializing of the level-set front with the classified tagged regions; the front is then evolved by use of a speed function that was designed, based on the soft-tissue index, to reserve the submerged soft-tissue structures while suppressing the residual fecal regions. The performance of the MD-cleansing method was evaluated by use of a phantom and of clinical cases. In the phantom evaluation, our MD-cleansing was trained with the supine (prone) scan and tested on the prone (supine) scan, respectively. In both cases, the sensitivity and specificity of classification were 100%. The average cleansing ratio was 90.6%, and the soft-tissue preservation ratio was 97.6%. In the clinical evaluation, 10 noncathartic CTC cases (20 scans) were collected, and the ground truth of a total of 2095 tiles was established by manual assignment of a material class to each tile. Five cases were randomly selected for training GA/SVM, and the remaining five cases were used for testing. The overall sensitivity and specificity of the proposed classification scheme were 97.1% and 85.3%, respectively, and the accuracy was 94.6%. The area under the ROC curve (Az) was 0.96. Our results indicated that the use of MD-cleansing substantially improved the effectiveness of our EC method in the reduction of incomplete cleansing artifacts.
I. INTRODUCTION
C OMPUTED tomographic colonography (CTC), also known as virtual colonoscopy, is a promising technique for noninvasive colon cancer screening that can be an alternative to optical colonoscopy [1] , [2] . One of the major obstacles to the wide acceptance of CTC is the need for full cathartic bowel preparation [3] , similar to that for conventional optical colonoscopy. In addition to the perceived discomfort and inconvenience associated with full cathartic preparation, which has been identified as one of the major sources of poor patient compliance in colon cancer screening [4] - [7] , many studies have warned of potential problems associated with full cathartic preparation, including renal failure, preexisting electrolyte abnormalities, congestive heart failure, ascites, or ileus [8] - [10] . Clinical investigators has been obliged to search for reduced-cathartic or noncathartic methods that can offer patients a well-tolerated and safely performed bowel preparation while providing a sensitivity/specificity similar to that of full cathartic preparation in CTC examination [11] - [13] . Electronic cleansing (EC) of the colon is a promising technique for removing the tagged fecal materials in CTC images to "virtually" cleanse the colon after image acquisition.
The early work on EC in CTC dates back to the late 1990s [14] - [16] . The term "electronic cleansing" was first introduced by Wax and Liang at SUNY Stony Brook [14] . However, published work on EC methods has been limited. The model developed by SUNY's research group classified tagged fluid based on its statistical image features. Chen et al. used a Markov random field (MRF) for classification of each voxel by its local feature vector [17] . Li et al. reported an improvement by using a hidden MRF to integrate the neighborhood information for removal of nonuniformly tagged fluid [18] . Lately, Wang et al. presented a partial volume image segmentation method for classifying voxels that are composed of multiple materials by use of the expectation-maximization (EM) algorithm [19] . Li et al. reported the subjective performance of this EM-based method in cleansing of the colon based on 50 cathartic CTC cases [20] . Recently, Wang et al. improved their EM-based method by a maximum a posteriori expectation-maximization (MAP-EM) algorithm that simultaneously estimates tissue mixture percentages within each voxel and the statistical model parameters for the tissue distribution [21] .
Another group of EC methods used an edge model in image segmentation to delineate the tagged regions. Lakare et al. used segment rays to analyze the intensity profile as they traverse through the data set for identifying the boundary of tagged fluid [22] . Zalis et al. used the Sobel approximation of the image gradient, followed by a dilation operator, to identify the boundaries between air and tagged regions, called air-tagging boundary, and they reported the performance of their method in 68 patients [23] . Serlie et al. employed a scale-invariant three-material (air, soft-tissue, and tagged material) transition model to determine the fraction of material in each voxel. They also used the CT values and their gradient magnitude to characterize the boundary between air and tagged fluid [24] . The subjective performance of their method was later demonstrated in a lesion conspicuity study based on 59 partially or completely submerged polyps and 70 air-exposed polyps [25] . This model was recently extended to the anisotropic point-spread function and sampling near so-called T-junctions, i.e., locations where air-fluid levels hit the colonic wall [26] . Carston et al. used a neighborhood voxel-counting method to classify a voxel as stool, tissue, or air [27] , and they later expanded their method to combine it with quadratic regression, morphologic operations, and a distance transform [28] . Johnson et al. evaluated the performance of this method in 114 noncathartic CTC cases [29] . Although theirs was not strictly an EC method, Franaszek et al. used region growing, fuzzy connectedness, and Laplacian level-set methods for removal of tagged fluid to reveal polyps submerged in the tagged regions [30] . Cai et al. developed a structure-analysis EC (SA-cleansing) method [31] , which employed Hessian response field to enhance the submerged poly-like and fold-like structures while other structures were de-enhanced, and local roughness fields to distinguish thin soft-tissue layer from air-tagging boundaries. SA-cleansing effectively avoids the cleansing artifacts caused by pseudo-enhancement and partial volume effect. However, SA-cleansing cannot avoid the incomplete cleansing artifacts caused by inhomogeneously tagging.
The aforementioned existing EC methods except [28] and [31] were explicitly designed for cathartic fecal tagging CTC, that is, aiming at the removal of tagged fluids, based on the following EC assumptions.
• Tagged fluid appears as a bowl-shaped liquid pool located at the bottom of a colonic lumen due to the gravitational effect.
• The air-tagging boundary of tagged fluid is a large, flat, horizontal surface. • Tagging is homogeneous, i.e., the CT values within the fluid pool are almost constant. Recent clinical studies showed that fecal tagging and electronic cleansing may increase the diagnostic accuracy of CTC [32] . However, existing EC methods based on the above EC assumptions remain limited in their diagnostic performance in noncathartic CTC, due to the unique features of tagged fecal materials in noncathartic CTC images compared to the tagged fluid in the cathartic CTC images, as demonstrated in Fig. 1 .
• State and homogeneity: Noncathartic CTC has different states of tagged fecal materials, including those in solid, semi-solid, and liquid state, whereas cathartic CTC has only liquid-state tagged residual fluid. Generally, contrast agents such as iodine are mixed more uniformly in liquid state than in solid state residual fecal materials; thus, noncathartic CTC presents more inhomogeneously tagged regions than does cathartic CTC.
• Shape and size: Due to the flexibility of fluid, the tagged residual fluid in cathartic CTC tends to appear as a bowlshaped fluid pool at the bottom of a colonic lumen. In contrast, the shape of solid or semi-solid fecal material in noncathartic CTC tends to be irregular. In addition, the size of the fecal material varies substantially.
• Distribution: The tagged residual fluid tends to be located at the bottom of a colonic lumen due to the gravitational effect, whereas solid or semi-solid fecal material in noncathartic CTC may be distributed anywhere on the colonic wall, even at the ceiling of the colonic lumen against gravity, because of the relatively dry and thus viscous characteristics of the mucosal surface of the colonic wall. Three major EC artifacts, including soft-tissue degradation, pseudo-soft-tissue structures, and incomplete cleansing, are present in most of the existing EC methods [33] . Incomplete cleansing [ Fig. 2(b) and (c)], which is caused by the partial removal of only the tagged fecal materials with high CT attenuation, and leaving low-attenuation tagged fecal materials uncleansed, is one of the main artifacts that impair the diagnostic quality of noncathartic CTC [33] .
In this study, we developed a novel EC method, called mosaic decomposition (MD), for cleansing of inhomogeneously tagged solid or semi-solid fecal materials in noncathartic CTC images for obviating the incomplete cleansing artifacts. The theory behind MD is that an inhomogeneous fecal region can be decomposed into a set of homogeneous subdivisions. Each homogeneous subdivision is composed of one material that can then be identified by classifiers by use of image features of each subdivision. EC is performed by removal of subdivisions that are classified as nonsoft-tissue. Thus, precise decomposition and correct classification are two major steps for ensuring the success of MD method.
The remainder of the paper is organized as follows. Section II introduces an overview of MD-cleansing, followed by detailed descriptions of two major steps in MD: decomposition and classification. Section III describes the experimental results for assessment of the MD-cleansing method in a colon phantom study 
II. METHODS
The MD-cleansing method consists of the following four major steps for cleansing of the inhomogeneously tagged regions in CTC images, as illustrated in the diagram in Fig. 3 by use of the level-set method that incorporates the gradient, Hessian response combined with the soft-tissue index, and local roughness into the speed function terms. The segmented residual fecal regions are replaced by air, followed by a smoothing filter for generating an artificial air-to-soft-tissue mucosal layer between the submerged colonic walls and the replacing air. In the scope of the paper, the term "tagged fluid" refers to the homogeneously tagged residual fluid, whereas the tagged solid or semi-solid residual fecal material is referred to as "tagged stool."
A. Data Preparation
In this study, CTC volumetric data were defined in 3-D Euclidean space, . Let denote the CT value at a point in the CTC volume. In the step of data preparation, initial colon segmentation was performed by application of a group of alternate region growing methods of air and tagged regions [34] . First, the airfilled colonic lumen is detected by thresholding of HU. Then, each voxel within the 3-D shell of the thresholded colonic air lumen is used as a seed for region growing for segmenting the tagged regions with the threshold of HU. Finally, the entire colonic region is masked by the union of the segmented air regions, the segmented tagged regions, and a 3-D shell thickness of about 10 voxels of the prior segmented air and tagged regions to cover the colonic lumen and wall. After initial colon segmentation, the gradient, Hessian response, and local roughness were calculated at each voxel within the segmented colon region.
The gradient, denoted as , was calculated by the partial first derivatives of a Gaussian function (1) where is an isotropic Gaussian function with a mean value of 0 and a standard deviation of , which also serves as the scale in the calculation of partial derivatives. In our experiments, we set , where is one unit of the voxel size. We have previously developed the Hessian enhancement functions for folds and polyps to calculate the Hessian response field, and the local roughness function to calculate the local roughness field in [31] . For completeness, we enclose herewith the definitions of the Hessian enhancement functions and local roughness as well as their computing methods.
A Hessian matrix at point is defined in (2) where . Let the eigenvalues of Hessian matrix be , , and , and let their corresponding eigenvectors be , , and , respectively. The local morphologic structure of an object can be characterized by use of a combination of the eigenvalues of a Hessian matrix, called eigenvalue signatures [35] .
Morphologically, folds and polyps submerged in the tagged materials present rut-like (concave ridge) and cup-like (concave cap) shapes, as illustrated in the first column of Table I , because the tagged materials usually have higher CT values than do those for soft-tissue. These two types of structure can be characterized by the eigenvalue signatures of a Hessian matrix and thus can be enhanced by the associated morphological structure enhancement functions, whereas other structures are de-enhanced and subtracted from the CTC images.
The eigenvalue signature and enhancement function of the submerged polyp-like and fold-like structures are illustrated in the second and third columns of Table I, respectively. The parameters , , and in and control the scale of the structure that is enhanced, and the parameter controls the sharpness of the crest of the fold. The parameters , , were empirically set to 0.5, 0.3, and 0.3, in order to enhance thin to thick folds ranging from 3 to 10 mm. The parameter was empirically set to 0.2 to enhance targeted polyps with effective sizes of mm with a voxel size of mm in our study.
To reduce the effect of image noise, we formulated a multiscale Hessian response field, , where was the scale of the Gaussian function used for calculating the partial second derivatives of the in the Hessian matrix. The multi-scale Hessian matrix was calculated over two scales in this study, i.e., and . Fig. 4 (b) is the Hessian response field of (a), which includes both submerged and nonsubmerged polyp-like and fold-like enhancement functions.
We employed a local roughness analysis that calculates the image smoothness along the periphery of tagged regions in the range of CT values of 0 HU HU. This type of smoothness is used for differentiating soft-tissue and the air-tagging boundary caused by the partial volume effect. Local roughness is defined as the sum of the differences between the volumetric curvedness across scales (3) where represents the difference in the curvedness values at scales and , is the number of scales, and is a scale-dependent basis function that weights the difference of the curvedness values at each scale. Here, the local curvedness at voxel is defined as (4) where and are the minimum and maximum principal curvatures at scale (i.e., the standard deviation, the same as the scale defined in the Hessian matrix) [23] , [24] . The curvedness is computed by filtering of images with increasing scales, from scale to scale , and then, at each scale , by application of the first and second derivative filters of scale to the image. In our study, the scale was selected from 0.5 to 6.0 in voxel units with an interval of 1.0 for calculating of the roughness response. In addition, we used a constant base term, for all scales. Fig. 4 (c) is the local roughness field of Fig. 4(a) , in which soft-tissue boundaries along the tagged regions are enhanced, whereas the air-tagging boundary is de-enhanced.
B. Tile Decomposition
Suppose that an inhomogeneously tagged region consists of subdivisions of different materials from low to high attenuations on CTC images. A lower attenuation is usually caused by air bubbles and foodstuffs as well as by submerged soft-tissue structures. The purpose in the decomposition is to divide the inhomogeneously tagged regions into local homogeneous tiles by use of a 3-D watershed transform [36] , so that each tile represents one homogeneous subdivision composed of one material. The domain of decomposition is the gradient map of CTC images, i.e., , is the gradient magnitude at voxel . In the context of CTC images, there are two types of tile.
• Large-scale tile: This type of tile is relatively large and has a core of zero gradient, such as large air bubbles, colonic wall, large polyps, and large tagged fluid pools. These tiles can be marked or seeded by the cores of zero gradient.
• Small-scale tile: This type of tile has a relatively small or/and thin region with low contrast, such as submerged folds or polyps, small air bubbles, and undigested foodstuffs. These small/thin regions do not have sufficient cores of zero gradients, such as the submerged fold shown in Fig. 5(d) . Incomplete cleansing artifact is mainly caused by this type of tile. Prior to the watershed transform, tiles are required to be initialized or marked. Large-scale tiles can be marked by use of thresholding of gradient at level . This initialization method may ignore the small-scale tiles due to the low contrast and thus create inhomogeneous tiles, in which one tile contains more than one material, as shown in Fig. 5(a) . The submerged thin haustral fold and tagged materials are decomposed into one tile. Generally speaking, smallscale tiles may be initialized by the local minima [37] . However, local minima may introduce over-segmentation, which is typical in the traditional watershed transform, as demonstrated in Fig. 5(b) .
We developed a morphological method to initialize smallscale tiles with lower contrast. The following set of rules was employed for initialization of tiles.
• A large-scale tile is initialized by the zero-gradient core using gradient threshold, .
• A small-scale, polyp-like or fold-like tile submerged in the inhomogeneously tagged regions is initialized by the core of high values from the Hessian response field using threshold, . In this study, and . Fig. 5(c) demonstrates the above initialization rules for setting the domain of tiles and the boundaries of the evolved tiles in the example case. We observed that the tagged regions are decomposed into homogeneous tiles, especially the submerged fold and air bubbles. In addition, the number of tiles was reduced significantly. Fig. 5(e) demonstrates the detailed view of tiles initialized by the gradient field, the polyp-like structure enhancement field, and the fold-like structure enhancement field. Nonpolyp-like and nonfold-like structures are de-enhanced due to their low Hessian response. Fig. 5(f) shows the detailed view of the decomposition result of (e).
C. Tile Classification
The purpose of classification is to determine the material type that composes a tile. Specifically, we used a single-class support vector machine (SVM) classifier [38] , [39] to determine whether each tile belongs to the soft-tissue class. To attain the optimal performance, an optimization process, called feature selection, is performed on the training data sets. The optimal feature set for a classifier is obtained by searching through the possible combinations of features by use of a genetic algorithm (GA), which is a stochastic search technique that is based upon the principles of genetic variation and natural selection [40] - [42] . 
1) Feature Selection:
A feature set is modeled as a chromosome , where is the variable (or "gene" in GA terminology), which has a binary value. The search space is defined as an -dimensional binary space , where 0 and 1 represent the exclusion and inclusion of feature , respectively. The goal is to find the optimal chromosome (feature set) that maximizes the separation power of a classifier.
The performance of each individual chromosome is evaluated by a fitness function . We formulated the by a weighted sum of probability exported by the SVM classifier (5) where is the selected feature set, is the number of tiles in the training data, is the volumetric size of tile , is a conditional function if tile is correctly classified oterwise (6) where is the probability value of tile exported from the classifier based upon the selected feature set .
We used five-fold cross validation for calculation of the fitness value for each feature set in the training data. The process of GA evolution was iterated for 100 generations and a population of 10 chromosomes in each generation. After GA selected the resulting optimal feature set , the SVM classifier was finally retrained by use of the entire training data set with the selected optimal feature set . For the investigation of the optimal feature sets, we have selected a total of 35 features [34] , [43] .
• CT histogram feature: minimum/maximum, lower/upper, 1 standard deviation, skewness, kurtosis, energy, and entropy.
• CT histogram feature of a core: The core of a tile is defined as a region within a tile in which the gradient at each voxel is below the mean gradient of the tile. The feature set of a core includes the size of core, mean, minimum/maximum, lower/upper, standard deviation, skewness, kurtosis, energy, and entropy. • Gradient feature: mean and standard deviation of the gradient.
• Gray level co-occurrence matrix feature: including contrast, correlation, and inverse different moment [44] .
• Run-length based feature: including short-run emphasis, long-run emphasis, low gray-level-run emphasis, high gray-level-run emphasis, run percentage [45] .
• Second-order moment feature: moment invariants J1, J2, and J3 [46] . • Morphological features: including submerged boundary, and mean Hessian response. Because some features may be correlated, the optimal feature set may not be unique. Therefore, the resulting feature sets may not be the same after individual GA feature selections. The feature importance defines the probability of the feature selected by the GA in the final optimal feature set (7) where is the total number of feature selection processes, and is the optimal chromosome after a feature selection . is 1 if feature is selected in ; otherwise it is 0.
Numerically, ranges from 0.0 to 1.0. A high importance value indicates that the corresponding feature is selected frequently by the GA, i.e., it plays an important role in the associated classifier.
Because GA selects the feature set based on the performance of the SVM classifier, GA tends to select the more informative feature if two features are correlated but one is more informative than the other. On the other hand, if two features are highly correlated and have the same information, GA will select either one of them and thus their importance will be split between two features. In this manner, highly correlated features are avoided when we select the feature set by GA. However, the performance of the classifier will not be affected due to the fact that two features are highly correlated and have the same information.
2) Soft-Tissue Classification: A scalar index, called the softtissue likelihood
, is formulated by use of the probability value exported from the aforementioned soft-tissue SVM classifier for the classification of soft-tissue tiles from other tiles. The index ranges from 0.0 to 1.0, where a high value of the Fig. 6(b) ], we observe that submerged tiles are selectively enhanced compared to Fig. 4(b) , i.e., the tiles that have polyp-like and fold-like structures and are composed of soft-tissue are enhanced, whereas other material tiles are de-enhanced.
The GA and SVM parameters [47] that were used in our feature selection and soft-tissue classification are summarized in Table II .
D. Subtraction
MD-cleansing employed the scheme applied in the SA-cleansing method [31] , which employed the Hessian response field to recover the submerged poly-like and fold-like structures. Instead of the Hessian response field , MD-cleansing used the Hessian response field weighted by the soft-tissue likelihood . We used the level-set method to segment the tagged fecal regions. Level-set is effective in delineating topologically complex and disjointed objects that are difficult to represent by conventional active contour models or snakes [48] - [50] . In addition, level-set can effectively integrate different characterization fields into different speed terms to segment the tagged regions.
The level-set front is initialized by the classified tagged regions, and it is evolved by use of the partial differential equation shown below (8) where is a point on the level-set front, is a speed function, and is a parameter controlling the strength of the curvature constraint. We used in our application. This evolution equation has three image speed functions: the speed function of gradients , which acts as a growing term to expand the tagged regions; the speed function of the Hessian response weighted by , , which acts as a stopping term for the level-set front at the submerged soft-tissue structures, and the speed function of the local roughness, , which acts as a stopping term for the level-set front at the soft-tissue layer. These speed functions are balanced with a mean curvature smoothing constraint [51] in the second term. By use of these speed functions, the level-set front becomes sensitive to submerged soft-tissue structures, whereas it is insensitive to inhomogeneously tagged regions and the air-tagging boundaries. Thus, inhomogeneously tagged regions are segmented and removed along with the air-tagging boundaries, whereas the soft-tissue structures that are submerged in the tagged regions are preserved.
For all of three speed functions, we employed a conventional threshold formulation [52] as defined by (9) , because of its flexibility in the selection of the input and its ability to delineate a fuzzy boundary well [53] .
Here, is a sign function (also know as an indicator), i.e., 1 if is positive and if is negative; is an integer that controls the smoothness of the speed of the level-set front (we use for simplicity); is a threshold value, determined by Otsu's thresholding method [54] , which separates the enhanced and non-enhanced objects in the histogram in the shell that is a thick 3-D region encompassing the level-set front [53] . The range, , is set to half of the difference between the threshold and the peak value of the histogram of the enhanced objects. We employed the sparse-field implementation of the level set model [55] , in which is represented by the city-block distance. The surface normal and curvature, which require second-order derivative, are calculated by the finite difference derivatives using a 3 3 3 kernel.
Finally, the tagged regions segmented by the level-set method were replaced with air, and an artificial air-to-soft-tissue transition layer was filled in the boundaries between the submerged colonic walls and the replacing air (subtracted tagged regions) by the mucosa reconstruction method similar to that of [23] , followed by an image smoothing filter for reducing the discontinuity between the artificial transition layer and the original soft-tissue layer.
III. EXPERIMENTAL RESULTS
In order to evaluate the cleansing quality of the MD-cleansing method, we designed experiments based on a colon phantom and clinical CTC cases. In each experiment, the results of the MD-cleansing method were compared with those of our previous SA-cleansing method [31] .
1) Phantom Experiment:
In the phantom experiment, we used a colon phantom (Phantom Laboratory, Salem, NY) made of material that had X-ray attenuation coefficients similar to those of soft-tissue [56] . Twenty-one phantom polyps and eleven phantom folds were embedded in the colon phantom. To simulate the semi-solid fecal materials and the inhomogeneous fecal tagging in noncathartic CTC, we filled the phantom, prior to imaging, with a mixture of aqueous fiber (70 g of psyllium), ground foodstuff (50 g of cereal), and nonionic iodinated agent (1 L of 20 mg/mL concentration of Omnipaque iohexol, GE Healthcare, Milwaukee, WI), the same contrast agent we employed for clinical fecal tagging in CTC.
The colon phantom was scanned by a 64-slice multidetector CT (MDCT) scanner (Siemens Sensation, Erlangen, Germany) twice, once in a native state without tagged material (hereafter called reference phantom) and once filled with the simulating fecal materials (hereafter called fecal-tagging phantom), in both supine and prone positions. The phantom was scanned by use of the following scanning parameters: a reconstruction interval of 0.6 mm, tube current of 40 mA, and voltage of 120 kVp. CT images obtained from the reference phantom served as a reference standard, and those from the fecal-tagging phantom were used for evaluation of the MD-and SA-cleansing methods. Because the phantom was removed from the CT table while it was filled with tagged material, the fecal-tagging phantom was registered rigidly to the reference phantom by use of a 3-D rigid-body transformation [57] . A total of 209 and 152 tiles were generated in supine and prone CTC images of the fecal-tagging phantom, respectively. Each tile in the fecal-tagging phantom was mapped to a tile in the reference phantom, called a reference tile. 152 out of 209 and 82 out of 152 tiles were identified as soft-tissue tiles in the supine and prone images, respectively. Other tiles were identified as nonsoft-tissue tiles, i.e., air or fecal-tagging tiles. Fig. 7 (a) and (d) shows one of the coronal and axial CTC images of the fecal-tagging phantom. Fig. 7(b) and (e) are their corresponding gradient images. These images demonstrate that the tagged materials are inhomogeneously mixed with air bubbles and foodstuff. Fig. 7(c) and (f) shows the tiles decomposed based on our morphological marker-initialization method by use of the gradient and Hessian response field. The major components, including the colon wall, lumen air, submerged folds and polyps, as well as air bubbles and foodstuffs, were clearly decomposed.
The supine/prone and prone/supine combinations were employed for the training/testing of the GA feature selection and Fig. 10 . Feature importance map for soft-tissue classifier that was generated by running GA feature selection of 100 times. Each GA feature selection process was performed by a population of 10 and generations of 100. Importance value of 1.0 indicates that the associated feature was selected every time, whereas 0.0 indicates that it was never selected. the SVM classifier. In the GA feature selection, the average fitness value of the optimal feature set was 0.968. In both supine/ prone and prone/supine experiments, the SVM classifier that was finally trained by the optimal feature set yielded a 100% sensitivity and 100% specificity in the testing data. Fig. 8 compares the 2-D and 3-D images of the cleansed phantom with the reference phantom.
For the purpose of evaluation of the cleansing quality, we divided the reference phantom into 10 segments along the centerline of the lumen, as illustrated in Fig. 9(a) . The air lumen in the reference phantom was classified by the thresholding function if
The tagging mask in (11) was defined as the regions of the air lumen in the reference phantom that were covered by the tagged materials in the fecal-tagging phantom (11) where is the segmented colon mask, which is the thick colonic wall that was segmented in the first step of data preparation, and are CTC images of the reference phantom and the fecal-tagging phantom, respectively.
Thus, the cleansing ratio is defined as the ratio of the number of voxels in the tagging mask that was cleansed, i.e., became air voxels, in the cleansed phantom , to the total number of voxels in the tagging mask (12) In a similar manner, we can define the soft-tissue mask and the ratio of soft-tissue preservation (13) Table III lists the mean values of the cleansing ratio and soft-tissue preservation ratio in 10 segments of the phantom. Fig. 9(b)-(d) shows the fifth segment: the reference, the SA-cleansing, and the MD-cleansing results, respectively, which demonstrates that the MD-cleansing removes the inhomogeneously tagged region while preserving the soft-tissue.
2) Clinical Experiment: We applied our MD-cleansing method to the clinical fecal-tagging CTC cases with noncathartic bowel preparation. Patients underwent a 48-h bowel preparation with a low-fiber, low-residue diet, oral administration of 7.5 ml (300 mg/ml concentration of Omnipaque iohexol, GE Healthcare, Milwaukee, WI) nonionic iodine diluted in 300 ml at each of six meals, and 30 ml Omnipaque diluted in 960 ml water in the morning of the CTC examination. No cathartic agent was used in the bowel preparation. MDCT scanning (LightSpeed; GE Medical Systems, Milwaukee, WI) was performed in both supine and prone positions. It should be noted that, unlike the cathartic CTC cases, most of the tagged materials in these noncathartic cases were semi-fluid/solid with inhomogeneous tagging rather than fluid with homogeneous tagging, and thus these were difficult cases for EC.
A total of 10 noncathartic CTC cases (20 scans) were collected, among which each case contained at least one polyp mm. In these 10 cases, there were a total of 15 polyps mm, including nine polyps mm, three polyps mm, and three polyps mm. A total of 2095 tiles were decomposed in the 20 scans, in which the median number of tiles per scan was 115, the minimum number was 49, and the maximum number was 196. The decomposition images such as Fig. 5(c) and a list of tiles were exported to a Viatronix Workstation (Viatronix. Inc., Stony Brook, NY) and were visually assessed by a radiology fellow and an experienced radiologist. The reference standard was established by manual assignment of a material class to each tile after review of the 2-D axial images. There were 1403 tiles assigned as soft-tissue; the others were nonsoft-tissue tiles.
Of the 10 cases collected, five cases (10 scans/955 tiles/571 soft-tissue tiles) were randomly selected for training of GA/SVM, and the remaining five cases (10 scans/1160 tiles/832 soft-tissue tiles) were used for evaluation. We tested the GA feature selection 100 times on the training data. Fig. 10 shows the importance map of the 35 features selected for soft-tissue classification. The minimum, maximum, and average fitness value were 0.963, 0.968, and 0.965, respectively. This indicated that the performance of GA was stable in selecting an optimal feature set.
After GA feature selection, we selected the optimal feature set with the maximum fitness value, i.e., 0.968, which is listed in Table IV , and the SVM classifier was finally trained with the optimal feature set and the entire training data set before evaluation. Fig. 11 illustrates the overall performance of the SVM classifier, which is represented by the receiver operating characteristic (ROC) curve and the accuracy curve. The area under the ROC curve was 0.96. At the operating point of 0.7, the sensitivity and specificity of the SVM classifier was 97.1% and 85.3%, respectively, and the accuracy [ /(total number of tiles)] was 94.6%.
Visual assessment was also performed for evaluating the cleansing quality. There were seven polyps in the five testing cases. Visual assessment confirmed that all polyps in the testing cases were classified as soft-tissue at the aforementioned operating point of 0.7. Thus, they were clearly preserved in the resulting cleansed images. Fig. 12 shows a fecal-tagging CTC case and its cleansed images after the application of MD-cleansing and SA-cleansing, respectively. Fig. 12(b) and (e) shows the reduction of incomplete cleansing artifacts by MD-cleansing, whereas Fig. 12(c) and (f) shows that of SA-cleansing. Visual comparison indicates that MD-cleansing reduced the incomplete cleansing artifacts much better than did SA-cleansing. More- over, MD-cleansing preserved the thin haustral fold submerged in the inhomogeneously tagged stool. Fig. 13 compares the 3-D endoluminal views of the submerged fold that is pointed out by the white arrow in Fig. 12(a) in MD-cleansing and SA-cleansing. We observed that the inhomogeneously tagged stool was clearly cleansed by MD-cleansing. Fig. 14 demonstrates more clinical examples of the MD-cleansing in the cleansing of inhomogeneously tagged stool: the semi-solid stool was cleansed, whereas the submerged folds were well preserved.
IV. DISCUSSION
In the phantom experiment, we observed that the inhomogeneously tagged materials were completely cleansed. However, the cleansing ratio was approximately 91%. The remaining uncleansed region was a thin layer of contrast agent that was adherent to the dry and viscous mucosal surface of the colonic wall. This thin layer has a thickness of only about 1-2 voxels. It is unique to noncathartic CTC, as shown in Fig. 15(a) and (c) , which show the difference between the reference phantom and the cleansed phantom within the air mask.
Because most soft-tissue is far from the colon, the accuracy of soft-tissue preservation would be irrelevant if we included the entire images. Thus, the soft-tissue mask that we used for the estimation of the ratio of soft-tissue preservation is a thick colonic wall that was segmented in the first step, which has a thickness of about 10 voxels. If the criterion for is 100%, the EC performance is assessed by how different is from 100%. SA-cleansing missed 1% of the soft-tissue, whereas MD-cleansing missed 2.4% of the softtissue in the mask. This difference was mainly caused by the watershed transform, which equally divided the boundaries between soft-tissue and tagged material. At the boundaries between the soft-tissue and residual fecal regions, tiles that were classified as tagged fluid or stool may contain a very thin layer that mixed with a small quantity of soft-tissue, as shown in Fig. 15(b) and (d) , which show the difference between the reference phantom and cleansed phantom within the soft-tissue mask. This is the main reason why SA-cleansing had a slightly better ratio of soft-tissue preservation than did MD-cleansing.
Because we replaced the entire segmented tagged region with air, an artificial layer of mucosa was generated at the boundaries between the submerged colonic wall and the filled air (subtracted regions) after subtraction. For reduction of the possible discontinuity between the artificial mucosa layer and the original soft-tissue in the colonic wall, a Gaussian smoothing filter was applied to these regions. This may cause a fuzzy appearance of the submerged colonic wall after subtraction in cleansed images.
One limitation of the study is the relatively large number of soft-tissue tiles in the training and testing data. This is partially caused by our tile initialization method. We employed Hessian response fields to place markers for segmentation of small objects with low contrast. The nonpolyp-like and nonfold-like structures were de-enhanced by the Hessian response field and thus were filtered out as part of the tagging background. Large tiles including the air lumen, colonic soft-tissue portion, and tagging background are easily identified. MD was designed to reducing incomplete cleansing artifacts and thus was applied to tiles of small size. However, the small number of nonsoft-tissue tiles may cause biased performance of the SVM classifier. We will evaluate this issue in a large clinical evaluation in the future.
Although the artifact of incomplete cleansing, which is caused by inhomogeneity in tagging, is seen less commonly with cathartic bowel preparations, it is one of the major artifacts that impair the diagnostic quality of reduced and noncathartic bowel preparations in CTC. Li et al. [18] suggested using a hidden Markov random field (MRF) to integrate the neighborhood information for overcoming the nonuniformity problems. The hidden MRF was designed to solve the nonuniformity caused by random noise. However, artifacts of incomplete cleansing are caused mainly by structural noise such as air bubbles, fats, and undigested foodstuffs, which are a different type of inhomogeneity from that of the nonuniform distribution of the contrast agent. The method proposed by Li et al. was not designed for removal of this type of artifact. The SA-cleansing method previously developed by Cai et al. [31] cannot avoid completely the structural noise in the inhomogeneously tagged region, such as small foodstuffs or air bubbles that have rut-like and cup-like shapes. In the noncathartic CTC study performed by Johnson et al. [29] , which employed the cleansing method developed by Carston et al. [27] , [28] , more than half of the cases showed the incomplete cleansing artifacts, including islands of residual stool and residual halos. In their study, a 3-D fly-through was not possible because of the cleansing artifacts. Some authors tried to remove floating-island-like structures with an ad hoc method [58] . The MD-cleansing method provides a solution to the removal of the structural noise in inhomogeneous tagging for cleansing of the inhomogeneously tagged regions. The feature importance map in Fig. 10 provides information as to what image features may be employed for detecting and segmenting of inhomogeneously tagged regions.
Another limitation of the MD-cleansing method is that the optimal feature set selected by GA may vary for different bowel preparations. Thus, we need to manually establish a reference standard for each bowel preparation for effective training of the GA/SVM classifier, which is a tedious and time-consuming task. Once we establish the reference standard of soft-tissue tiles, MD-cleansing can be trained to effectively cleanse the tagged fecal materials. Hence, another future work is to identify the common salient feature set for different noncathartic bowel preparations. Although the regimes for noncathartic bowel preparation may vary across different clinical protocols, we observed that the image features on CTC are similar. Thus, we will first minimize the feature set by identifying and merging the correlated features, and then finding the common salient features by comparing the importance maps from different bowel preparations. With a common salient feature set for noncathartic CTC, the workload of manually establishing of reference standard will be minimized.
In addition, the computational cost of MD-cleansing method is relatively high. It takes approximately 30 min to cleanse the CTC images electronically from a scan of a patient on a standard PC. Optimization and parallelization of the EC code is under way.
V. CONCLUSION AND FUTURE WORK
Incomplete cleansing artifact is the main technical barrier to applying noncathartic CTC in clinical practice, because of the lack of an effective method for electronic cleansing of the inhomogeneously tagged fecal materials. This paper has presented a novel EC method, called mosaic decomposition, which is designed to reduce incomplete cleansing artifacts in CTC, especially in non-cathartic CTC images. Unlike existing EC methods, our method subtracts a tagged region by use of soft-tissue likelihood. Evaluation of results based on phantom and clinical cases showed that the MD-cleansing method improved the cleansing ratio of the tagged fecal residues compared to our previously reported cleansing method, and thus the MD-cleansing method was able to effectively remove the artifacts of incomplete cleansing.
This paper presents the technical aspects of MD-cleansing. We are currently performing a clinical analysis of the improvement of each artifact in clinical noncathartic CTC cases. Thus, a clinical study for a quantitative clinical evaluation of EC artifacts by use of MD-cleansing and the parallelization of MD-cleansing are the major future work of this study.
